Abstract: This paper describes a real application of fault diagnosis based on statistical signal processing. The system monitories several state variables of the cutting process of a multi-tooth machine tool. However, the feed drive current has been chosen to detect and diagnose the most frequent faults. Experimental data have allowed to define statistical behaviour of the variables for non-fault conditions, tool wear and breakage. The goal of the system is to optimize the life-time of each tool, while ensuring dimensional tolerance in the product. The machine tool that has been monitored, is a complex machine with five tool-holders and more than 250 inserts. This machine tool is an important element in the production line of crankshafts for an automobile industry.
INTRODUCTION
A current goal of manufacturing research is to develop flexible, self-adjusting, and unattended intelligent machining. In order to reach reliability and maintainability of that a kind of production line, the monitoring of the process condition is a helpful tool. However the monitoring task is not enough for automatic fault detection and maintenance decisions. Signal processing and statistical tests are useful tools for fault detection. Historical data and knowledge about the process may allow to develop suitable solutions for automatic fault diagnosis. Machine tools are some of the most complex components in a production line due to the high skill necessary for its handling. Therefore, machine tool is one of the main targets for the unattended manufacturing area. This paper describes a real application that uses a multi-variable signal processing to diagnose faults in the cutting process of a multitooth machine tool.
PROBLEM DESCRITPTION
The system under study is a machine tool used in production of crankshafts for car engines. The manufacturing of such elements require high production rates (short time cycle) and accurate tolerances for a quality final product. The cutting tool used is a complex device formed by five tool holders. Thus, the five supports of the crankshaft can be machined simultaneously. The total amount of insert of this tool is about 250, which gives an idea of the complexity of the tool. Two asynchronous motors of 17 kW give the tool a combined movement of feed and rotation. Another motor of 65 kW rotates the workpiece against the rotation of the tool. Figure (1) shows one of the tool holders used in the machine tool under study. The fault diagnosis system that has been developed may satisfy two objectives: first, the product quality (dimensional tolerance) must be ensured using a realtime diagnosis of the tool wear and abrupt fault detection of the cutting process. Second, the tool's useful life must be optimized alerting in a faulty event (tool breakage) and increasing the working time.
In every machining process the wear of the tool is an inherent aspect. Additionally, there are other problems like the breakage of the insert that cause unexpected breakdowns, defective pieces, tool-holder damage, workpiece breakage, actuators overload and other problems which reduce the working time of the machine tool. In order to obtain a piece within a tolerance, a maximum number of operations are established for the tool, after which is replaced by a new tool. This limit is set with the knowledge of the tool life that depends strongly on the cutting parameters (feed rate, cutting speed and cutting time).
Tool Wear and Tool Breakage
The central problems of the art of metal cutting are tool wear and tool breakage. Tool wear includes regular features inherent to the cutting process that grows uniformly with the cutting time. Under tool breakage are included different damages that do not occur in all operations and can be avoided by proper choice of tool material, geometry, and cutting conditions (speed and feed rate).
The three forms of tool wear are flank wear, crater wear and notch. Flank wear develops on the flank of the main cutting edge over a length that equals the chip width. Crater wear develops on the rake face of the tool and can be expressed by measuring the crater depth. The notch develops at both ends of the cutting edge engagement, but not in all cases. Any of this three forms of wear may grow so much as to become the limiting factor of the particular cutting operation, that is, to determine the end of tool life.
The various mechanisms that contribute to the wear process are mechanical overload (attrition), abrasion, adhesion, diffusion. Attrition represents the wear due to the dragging and breakage of the grains of the tool. The abrasion has its origin in the hardness difference between workpiece material and the tool. Adhesion is a welding mechanism of workpiece layers to the tool surface and is particularly important at low and medium cutting speeds. Diffusion of atoms of tool material to the chip plays a significant role at higher cutting speeds.
The tool wear increases with cutting time, as shown in figure ( 2) for the flank wear. This evolution is divided in three phases. At the beginning, Phase I, there is an initial faster increase followed by a steady increase in proportion to cutting time, Phase II. When the wear reaches a certain size, it will accelerate and may lead to a sudden failure of the edge, Phase III. The relationship between the tool life (end of Phase II) and the cutting parameters (cutting speed and feed per revolution) is expressed in the tool life equation formulated by Taylor:
The parameters p, q and C are obtained experimentally for a combination of workpiece/tool material. Usually the parameter p is greater than q and therefore cutting speed affects tool wear more than feed. It´s preferably to increase feed and decrease speed to reach an optimal operation.
Three forms of tool breakage occurs in metal machining: the stochastically but gradually developing features called cracks and chipping of the tool' s edge and the random massive breakage. The nature of this damage is different in continuous and interrupted cutting (Tlusty, 2000) . In continuous cutting, tool breakage and chipping result from heavy loads on the cutting edge. These heavy loads are associated with strong and hard workpiece materials and great chip thickness. Chipping and massive breakage are different kinds of fracture. Chipping is a ductile fracture due to shear stresses while the brittle nature of the breakage is caused by tensile stresses.
There are different solutions to prevent these fractures. Stronger types of tool materials are recommended, for example sintered carbides with higher Co content. Wherever possible it is convenient to use larger side-cutting-edge angle that results in lower chip thickness.
In interrupted cutting, milling for example, breakage and chipping occur at about half or less of the chip thickness at which they are found in continuous cutting. This has to do with special stress distributions during the entry into the cut and, mainly, during the exit from the cut.
Machine Tool Condition Monitoring.
One current goal of manufacturing research is to develop flexible, self-adjusting, and unattended intelligent machining. The monitoring of the process condition is decisive for such target. The cutting III process has the special feature of tool wear and all of its associated phenomena.
The monitoring task of a process is composed of three main parts: sensing of the process, signal processing and monitoring decision-making. Different measures have been studied for machine tool monitoring: cutting force (Mashine et al, 1999) , acoustic emission (Rice and Wu, 1993; Diei and Dornfeld, 1987; Kamarthi et al, 2000; Hutton and Hu, 1999) , spindle motor current (Altintas, 1992) , machine tool vibration (Li et all, 1998) and ultrasonic energy (Colgan et al, 1994) . The different works have revealed there is no a signature extracted from a single signal free of false alarms in the detection process the cutting process abnormalities (wear, breakage, chipping). Instead, different solutions based on several sensors have revealed more appropriate for a powerful condition monitoring of machining (Colgan et al, 1994) . This paper shows a multivariable solution for a turning-broaching machine tool.
The monitoring decision-making makes possible the transformation between the monitoring indices and the process conditions (Du et al, 1995) . The simplest monitoring method is to identify two processes conditions (normal and abnormal) using a sensor signal. Then the signal is compared with a threshold. However, in most applications this simple rule will not perform satisfactorily. More effective monitoring methods are inevitably needed.
In general, monitoring methods can be divided in model-based methods and feature-based methods. The fault detection system developed in this work uses a feature-based approach due to the complexity of the tool under study. Usually many manufacturing processes are non-linear time-variant systems. A machine tool is a typical example due to nonlinearity caused by the regenerative interaction between the structure interaction and the cutting forces.
SOLUTION
Initially, several signals were analyzed. Based on operators' experience the acoustic emission and the temperature of the mechanized supports of the crankshaft were measured. Additionally machine vibration and feed drive current were included in the study. The figure (3) shows this signals during a machining cycle of a crankshaft.
It can be seen that the signals are non-stationary, and the different stages of the working cycle are appreciated. The different signals were analyzed and all revealed its relationship with tool wear. A high correlation among them was established too. This fact and the viability of every measure, showed that the feed and rotation currents were the more suitable measures for the objective of the project. Also, electrical current was high sensible and robust to tool wear. These signals were easily obtained from the inverter's AC motors. The temperature was obviated due to its low reliability and high cost. Starting from the motor current signal, the fault detection and diagnosis problem was proposed from a statistical point of view to the decision-making system. Next, the different signal processing stages are presented.
Signal Segmentation.
Analyzing the measured signals and the layout of the tool, it can be observed that inserts attack the workpiece grouped, as it's shown in figure (4). Every group of inserts has its own particularly cutting parameters (speed, feed and cutting time). Then, with the whole signal, the segment that belongs to every group must be extracted for its later separated analysis. The segmentation is very critical due to the accuracy required in order to extract correctly the current of every group of inserts. This was done with auxiliary processing of the rotating speed of the tool. This signal reveal events related with different parts of the cutting cycle and let extract a reference time for the segmentation of every current and for each mechanized crankshaft.
Selection Of Statistical Properties.
The next stage of the signal-processing task was the statistical analysis of every current segment. The calculated properties were minimum, maximum, mean, variance and the integral for both currents, feed and rotation, and for every group and every mechanized crankshaft.
The target was to reduce the amount of information of every group current segment. Thus, features of every group of inserts are extracted for every machined workpiece. Figure (5) shows the evolution of some of these properties a group for each workpiece. It can be seen that when wear develops, those properties increase with the cutting time. Therefore this signatures reflect the process conditions.
Historical Data Storage.
The storage of the whole signal and the segmentation data is decisive in the adjustment of the system. Using this data, segmentation must be adjusted to achieve a perfect isolation of every group of inserts. This was done with a PC-based measurement system.
The recorded signals of every workpiece were stored in the hard disk for later analysis. When the segmentation was adjusted, the result data of the tool signals was stored too for the later use by the decision-making system. Thus, the amount of necesary data was drastically reduced in order to achieve a good performance of the diagnostic system.
Decision-Making Problem.
The purpose of the diagnostic system was to detect faults on the tool, such as tool breakage or an abnormal wear rate. With the signal features selected, a classic change detection problem (Basseville, 1993) was formulated.
The basic idea is to detect a change in the parameter of an independent sequence. Then it can be proposed a statistic hypothesis test to verify the change of the parameter. In the case of a Gaussian sequence a change in the mean leads to the next sufficient statistic:
This change detection algorithm is one of the oldest and most well-known algorithms for continuous inspection, and is called Shewhart control chart. This algorithm can be rewritten as:
The right side of this equation is the so-called control limit. For the present problem the parameter k is calculated as:
where e and MSE are the residual and the mean square error of a linear regression, calculated dynamically for a sliding window of workpieces. The linear regression protects the decision-making system against fast variations of the property under diagnosis. When an abrupt change happens, the parameter k grows rapidly and reveals a change in some insert of the corresponding group. This is shown in figure (7) , where a fault happens before the piece number 950. Then the parameter k exceeds its normal value. An appropriate choice of the threshold for the parameter k lets to detect a fault in every group. To avoid false alarms the threshold must be exceeded several times consecutively.
The parameter k is calculated using a finite memory, then the threshold is a limit for the size of the change in the property. The analysis of a great amount of data revealed the dispersion in the same property between different tools due to external disturbances. Figure ( 8) shows the particular property of a group for different tools. It's clear the cited dispersion and how it increases with the mechanized workpieces. This illustrates the necessary detection of relative changes in the property using the parameter k instead of using an absolute threshold. This detection scheme was applied to the different statistical parameters of every group of insert.
The selection of the most suitable parameters for the change detection was carried out with a posteriori information. Visual inspection after the tool life marked the faulty groups of inserts. Experimental work showed that the maximun and average of the feed and rotating current were the most suitable properties to check.
Figure (9) shows the behaviour for the selected parameters in the case of a fault. The fault was established as an abrupt change. A fall on the parameter is related with a massive breakage, and an abrupt increase is due to an abnormal wear rate like chipping.
It's clear that the fault between workpiece number 400 and 500 is only detected by the maximum and average feed current. Fig. 9 . Selected group parameters for fault detection.
Due to the autonomous nature of the monitoring system, was necessary to detect the end of tool life automatically. With different try-outs a signature was built as the sum of the feed current standard deviation of selected groups. This aggregate signature presented low sensitivity to individual group faults and exhibited a clear change after the end of the tool and subsequent change by a new tool. Figure ( 10) compares the tool change signature and the signature of some faulty groups. At the end of tool life the former returns to the initial value.
Finally, additional signatures were built in order to detect nominal changes in the machine tool like change of nominal position references or changes in the workpiece nature like its hardness or its geometrical dimensions before machining.
Several aggregate signatures, similar to the tool change signature, were built to inhibit false alarms on the groups of inserts in the event of a nominal change. Figure (11) shows the comparison between a nominal change index and a group index. 
Tool Life Optimization.
The second objective of the developed fault diagnosis system was the optimization of the tool's useful life. The size of the flank wear marks this limit. Then, an estimation of the average flank wear of every group is needed. This was done using the statistical properties used for the change detection. Clearly this properties show the same behaviour like the flank wear with the cutting time or mechanized workpieces. These properties are the inputs of a recurrent neural network trained with measured average flank wear of every group of inserts. This gives an estimation of the wear as shown in figure (12) for two groups of the tool. With a maximum permissible flank wear, the maximum number of wokpieces could be estimated using a linear extrapolation with the estimated wear of the worst group, the number 24 in the example. This group would be able to mechanize another 96 pieces before its average flank wear reaches the limit of 0.8 mm. It must be emphasized the closer relationship between the wear estimation and the fault detection on every group. The estimated flank wear is an average of the wear of every insert inside the group without any broken inserts. The fault detection system designates the inserts to be replaced in every group and then the optimization make sense using the estimated tool wear and the linear extrapolation.
CONCLUSIONS
A multivariate signal processing based on a statistic hypothesis test has been applied to the real problem of a multitooth tool failure detection. The developed system detects different tool failures like breakage and chipping. Every group of inserts has its own signatures and additional signatures were built to avoid false alarms due to a tool change and nominal changes in the machine tool's environment like workpiece quality change and change of tool references. A neural network has been developed to predict flank wear form feed current data. It allows to optimize tool life. The fault diagnosis system developed is actually integrated within a production line and it's extending on other machine tools similar to the machine tool under study.
